Unconventional tight to shale reservoirs vary from tight sandstone/siltstone to organic-rich mudstone/shale, commonly with mixed lithologies. In such reservoir systems, matrix pores and organic pores with different origins and distinct physical and chemical properties co-exist for hydrocarbon storage. Traditional resource assessment methods, designed for conventional reservoirs, cannot handle the two pore systems properly. This study proposes a dual-porosity model to respond to the need for a new method in assessing hydrocarbon resource potential in such reservoir systems. The dual-porosity model treats the two types of pores separately and derives the resource estimates from different sources of data, thus better characterizing unconventional reservoirs with complicated pore systems. The new method also has the flexibility of assessing resource potential for the entire spectrum of mixed lithologies ranging from a complete tight to a pure source rock (organic-rich shale/mudstone) reservoir. The proposed method is illustrated through the assessment of the in-place petroleum resource potential in the Upper Ordovician Utica Shale of southern Quebec, Canada. The results of the application suggest that the proposed approach effectively handles the two pore systems in tight-shale reservoirs effectively and provides a useful tool for estimating resource potential in unconventional plays.
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A C C E P T E D ACCEPTED MANUSCRIPT 3 organic porosity (e.g., Ambrose et al., 2012) or consider organic porosity only (e.g., Modica and Lapierre, 2012) . Recent studies of unconventional tight-shale reservoirs have generated new thoughts on their pore size distribution, pore structure and fluid thermo-dynamics (e.g., Loucks et al, 2009; Passey et al. 2010; Chalmers et al. 2012; Akkutlu and Fathi, 2012; Bohacs et al., 2013; Williams, 2013) . These ideas form the basis for the development of a new resource evaluation scheme to handle challenges that are intrinsic to unconventional reservoirs and could significantly affect the resource potential estimate.
The objective of this paper is to discuss a dual-porosity model to address the need for a new method of assessing petroleum resources in unconventional reservoirs. In this article, we describe the dual porosity model and its application to tight-shale resource plays with reservoirs that contain mixed porous media as hydrocarbon storage with contrasting physical and chemical properties. Conceptual models for characterising storage in tight-shale reservoirs will be discussed first and the methodology description follows. The application is exemplified through the first evaluation of in-place hydrocarbon resource potential of the Upper Ordovician Utica Shale of the St. Lawrence Platform in southern Quebec, Canada.
Conceptual model for evaluating unconventional resources
General overview Loucks et al. (2012) presented a pore classification based on pore characteristics and origin whereas Slatt and O'Brien (2011) discussed typical pore types in shale. Recent studies (e.g., Milliken and Curtis, 2016) revealed the differences between organic pores in depositional organic matter (detrital) and migrated organic matter (authigenic). Pore classification in material science based on physical adsorption and capillary condensation is also available (Chalmers et al., 2012) .
For convenience of discussion in this study, we refer to matrix porosity as all non-organic porosities in the rock mineral matrix, such as inter-and intra-particle porosities . The fracture porosity is also included in the matrix porosity. Organic pores may exist in different types of organic matter (Loucks et al., 2009; Bernard et al., 2012; Bernard and Horsfield, 2014; Loucks and Reeds, 2014; Reeds et al., 2014; Milliken and Curtis, 2016) . The use of organic porosity in this study is restricted to the porosity that occurs within the original organic matter (depositional-organic-matter according to as a result of hydrocarbon generation. Crack formed by kerogen shrinkage due to loss of mass during hydrocarbon generation is also counted as organic porosity. Secondary organic pores, occurring within solid pyro-bitumen hosted in matrix pores or fractures, which is formed by thermal M A N U S C R I P T A C C E P T E D ACCEPTED MANUSCRIPT 4 cracking of migrated hydrocarbon liquid phases, does not create additional pore space. Rather, precipitation of pyro-bitumen reduces primary matrix porosity, similar to mineral precipitation in diagenesis (Wood et al., 2015) .
In a tight-shale reservoir system, the matrix and organic pore systems have remarkable differences in physical and chemical characteristics, such as water/oil wettability (Passey et al., 2010; Williams, 2013) , pore size distribution (Loucks et al., 2009; Rine et al., 2011; Chalmers et al., 2012) , natural gas adsorption capacity (Ross et al., 2009; Akkutlu and Fathi, 2012; Ambrose et al., 2012; Bohacs et al., 2013) , gas transport characteristics and fluid thermodynamics (Akkutlu and Fathi, 2012) .
The size of matrix pores is predominantly in the order of the micrometre although nano-pores exist as crystal defects and intercrystal spaces in clay minerals (Milliken and Curtis, 2016) ; as a general rule primary pore diameter and volume decrease with increasing burial depth ( Figure 1 ). The matrix pore is saturated with water when sediments are deposited and likely remains water wet (e.g., .
Conventional evaluation methods for clastic reservoir are applicable to estimating matrix pore system parameters such as porosity and water saturation.
In contrast, the organic pores are in the order of nanometre size, and the pore diameter and overall volume increase with maturation (burial depth) within the hydrocarbon generation windows (Figure 1) . The abundance and type of organic matter are also critical elements to consider for that trend (Chalmers et al., 2009; Lu et al., 2015) . Most interconnected organic pores are formed from the decomposition of kerogen during hydrocarbon generation. The organic matter is likely oil wet and no bound water exists in the organic pore system (Passey et al., 2010; Williams, 2013) . In addition, because of the nano-scale of the pore system, fluid thermodynamics (phase behavior) differ from that in conventional reservoirs. A significant portion of organic pore space is filled with a adsorbed phase (Akkutlu and Fathi, 2012; Ambrose et al., 2012; Wang, et al., 2015; . Detailed works showed that methane sorption increases with increasing Total Organic Carbon (TOC), indicating that organic matter is the primary control on methane sorption (Ross and Bustin, 2009; Chalmers et al., 2012; Zhang et al., 2012; Lu et al., 2015; Yu et al., 2015) . The percentage of adsorbed phase in organic pores depends on the size of the nano-pores, and likely relates to the abundance, type and maturity of kerogen. Differing from conventional reservoirs, gas transport may be subject to slip flow, transition regime, or Knudsen diffusion depending on pore size, pressure and temperature Fathi, 2012, Williams, 2013) .
The matrix porosity decreases with burial depth as a result of mechanical compaction and cementation.
Mineral composition, grain size, texture of the sedimentary rock, compaction and diagenetic histories are M A N U S C R I P T A C C E P T E D ACCEPTED MANUSCRIPT 5 primary factors affecting matrix porosity (Ramm, 1991; Dutton and Loucks, 2010; Hammer et al., 2010; Bjørlykke and Jahren, 2012; Pommer and Milliken, 2015; Milliken and Curtis, 2016) . Development of matrix porosity shows a remarkable change at a depth around 2500 metres, above which the decrease in rate in porosity is rapid and the primary control is mechanical compaction. Below that depth the porosity loss becomes slower and diagenetic processes (cementation) plays a more important role. A tight reservoir usually has a negative correlation between porosity and TOC (e.g., Montney on Figure 2a ). This is because matrix pore dominates in tight reservoir and higher TOC values in a tight reservoir suggest the presence of higher fine-grained sediments content that will result in intervals with more compaction and reduction of both overall pore size and total pore volume.
In contrast, organic porosity increases with thermal maturity within hydrocarbon generation windows.
The abundance and size of organic pores are a function of thermal maturity and TOC richness (Chalmers et al., 2009; Ross and Bustin, 2009; Jarvie, 2012a and b; Bernard et al., 2013; Curtis, 2013; Lu et al., 2015; Pommer and Milliken, 2015; . Due to distinct kerogen kinetics, thermal decomposition of one type of kerogen may differ from the others, resulting in variations in organic porosity, pore size distribution and characteristics at a given thermal maturation level (Loucks et al., 2009; Bernard et al., 2012; Bernard and Horsfield, 2014; Reeds et al., 2014; Lu et al., 2015; . Most organic pores form from thermal conversion of kerogen to hydrocarbons and no significant organic porosity is generated before the onset of oil generation. Organic porosity approaches a maximum when all convertible carbon has been converted to hydrocarbons. Thermal cracking of oil to gas in source rock reservoir may reverse the increasing trend of organic porosity as a result of pyrobitumen precipitation. In general, self-sourced reservoirs exhibit positive relationships between TOC and organic porosity ( Figure 2a ) and a negative correlation between TOC and water saturation ( Figure 2b ). This is because TOC-rich source rocks have greater hydrocarbon generation potentials and can create more organic pores that are saturated with hydrocarbons rather than water due to their hydrophobicity.
Dual Porosity Model
The herein proposed method is a reservoir volumetric approach with a dual-porosity model that quantifies the reservoir storage for oil and gas. The method is designed for resource assessment in a tight-shale resource play, in which both the matrix porosity and organic porosity provide effective storage. Figure 3 illustrates the different components that have been incorporated to derive the volumetric equations for the calculation of oil and gas volumes.
The dual-porosity model takes into account three different storage mechanisms ( Figure 3 ) in a tight-shale reservoir system: a) matrix pores (including natural fracture) with free hydrocarbon, and free and bound water; b) organic pores with free hydrocarbons; and c) organic pores with adsorbed hydrocarbons. The free hydrocarbon volume in the two different pore systems can be estimated from geochemical data and geophysical well logs. Additional laboratory tests are necessary to determine the adsorbed hydrocarbons. Figure 4 is a workflow chart showing the processes and steps for the estimation of hydrocarbon porevolumes under the dual-porosity model. There are two parallel processes for the porosity calculation, hydrocarbon saturated matrix porosity using well log data and organic porosity estimations based on kerogen kinetics and mass balance. Because available geochemical data from core or cuttings samples for calculation of organic porosity are often limited by spatial coverage and vertical resolution, it is difficult to directly integrate the geochemical data with well log based matrix porosity calculation. In this study well log data are used to estimate TOC content using available methods such as the Passey method (Passey et al. 1990) or the revised Passey method , and Rock-Eval analytic results on core samples are used to calibrate the TOC calculations.
Organic porosity calculation
Various methods have been proposed for estimating organic porosity based on Rock-Eval or other types of data (e.g., Jarvie et al., 2007; Loucks et al., 2009; Modica and Lapierre, 2012; Kuchinskiy, 2013; Kohn et al., 2013; Romero-Sarmiento et al., 2013; . The proposed organic porosity calculation is based on that by , which is a revised version of Modica and Lapierre (2012) with the improvement on reducing the impact of hydrocarbon expulsion on the initial/original TOC estimate. The evaluation of organic porosity includes the following steps: 1) generation of a kerogen decomposition model (which includes the development of a thermal maturation model and an estimation of hydrocarbon transformation ratio); 2) estimation of initial total organic carbon content (iTOC); and 3) calculation of organic porosity. The derivation and application examples are provided in .
The organic porosity ∅ is estimated from the following equation:
where C toc is the measured total organic carbon content (in weight fraction), α (α =# $ /1200) is the percentage of petroleum convertible carbon in TOC (a function of kerogen type); f is an expulsion efficiency (fraction); is transformation ratio that is a function of kerogen type and thermal maturity; The evolution of organic porosity is a theme less well understood and much improvement can be made in methodologies for estimating organic porosity. In Eq. (1), the effect of thermal cracking of oil to gas and precipitation of pyro-bitumen as suggested by Barker (1995) and Tian et al. (2008) in conventional reservoirs and by Wood et al. (2015) for tight reservoirs was not considered for two reasons. First, pyrobitumen precipitation in source rock is different from that in reservoir. Oil cracking to gas takes place in high maturity when a large amount of oil has already been expelled from the source rock. Depending up on the expulsion efficiency (can be up to 85%), kerogen type and mineralogy, the subsequent precipitation of pyro-bitumen within source rock beds varies, but should be small. For a moderate expulsion efficiency of 70%, a mass balance calculation indicates a maximum of 15% reduction of the peak organic porosity through pyro-bitumen precipitation. Those hydrocarbons that remain in source rock, but reside in matrix pores outside of kerogen network, can further reduce the amount of carbon precipitation in organic pores. If additional hydrogen from water and minerals in the source rock system is available for hydrocarbon generation, the amount of pyro-bitumen can be significantly reduced (Seewald, 2003) . Secondly, identification of the origins of various bitumen and organic pores can be difficult with the present available methods (Bernard and Horsfield, 2014; Loucks and Reeds, 2014) .
Thus comprehensive studies are needed to quantify the relationship between thermal oil cracking and pyro-bitumen precipitation in source rock reservoir with different kerogens that have distinct composition and molecular structures and kinetics, prior to development of a quantitative method for organic porosity reduction as a function of pry-bitumen precipitation.
Modeling of organic matter connectivity in source rock suggests that when kerogen is in excess of 7 wt%, it may form a 3D network, which could be subject to compaction (Kuo et al., 1995) . It has also been reported that mineralogy of the source rocks may play an important role in organic porosity preservation (Fishman et al., 2012) . Shales with high quartz and carbonate contents appear to be more resistant to the collapse of organic pores from burial compaction as well as to hydrocarbon generation and expulsion compared with shales with high content of clay mineral. In fact, mechanical compaction dominates in burial depth less than 2500 m ( Figure 1 ) in most of basins, where massive hydrocarbon generation starts at greater depth in general. At depths greater than 2500 m, chemical compaction (diagenesis) will dominate. This can be seen, for example, from the shale compaction curve in Figure 1 various organic pores and fractures, we argue that it is only when the diameter of the organic pore in the source rock is greater than the size of supporting mineral grain, the mechanic compaction could significantly affect the organic pores. However, studies show that organic pores are usually smaller than 100 nm (e.g., Loucks et al., 2009; Romero-Sarmiento et al., 2014; , smaller than the average size of a typical clay mineral. Overpressure from oil cracking to gas may provide additional support for the organic pores.
Adsorbed Gas Calculation
Langmuir (monolayer) gas absorption in organic rich shales can be described by the following Langmuir equations (Yu et al., 2015; Zhang, 2012) :
where V L is the Langmuir volume (maximum capacity of adsorption), V P is a specific adsorption capacity at reservoir pressure P res (kPa), P L is the Langmuir pressure (kPa), at which one half of the Langmuir volume (V L /2) can be adsorbed; and K is the Langmuir constant (1/kPa) defined as
where q = Ea-Ed is the isosteric heat of adsorption, and ∆s 0 is the standard entropy of adsorption (Zhang, 2012). By combining Eqs. (2), (3) and (4), one can obtain:
Eq. (5) demonstrates the dependency of P L on temperature with a positive correlation between P L and temperature.
Laboratory experiments indicate that the Langmuir volume can be affected by many factors, such as clay mineral, temperature, pressure, thermal maturity, water/moisture content and kerogen types (e.g., Hildenbrand et al., 2006; Zhang et al., 2012; Liu et al., 2013; Rexer, et al., 2013; Yu, et al., 2015) . While attempt has been made to quantify the relative contributions from those factors using a multivariate regression (Hildenbrand et al., 2006) , laboratory data often show that a simple correlation between TOC and V L explains most of the variance in the data (e.g., Ross and Bustin, 2009; Jarvie, 2012b; Zhang, 2012; Yu et al., 2015; Gao et al., 2016) , suggesting that organic richness is the primary control in shale gas
reservoir. Other variables such as temperature, pressure and thermal maturity are all systematically correlated and can be compensated by each other as indicated by theoretical (e.g., Eq. 5), or experimental relationships. For example, if we find the corresponding depths on each of the V L curves with different vitrinite reflectance values and mark all the depths on the plot of sorption capacity and depth by different maturities (Fig 10 of Hildenbrand et al., 2006) , one will find that all the marked points follow almost a straight vertical line. This is because the gain in sorption capacity due to increased pressure and maturity is a trade-off with increased temperature with burial depth. Studies indicate that water/moisture can substantially reduce the adsorption capacity of shale by pre-occupying the pore-surface (Joubert et al. 1975; Bustin and Clarkson, 1998; Zhang, et al., 2012; Liu et al., 2013) . Sediments are water-saturated when deposited and water forms an irreducible film on the surface of matrix grains (including clay minerals) when hydrocarbon fluids migrate through, thus reducing the adsorption capacity by restricting the access to active sites on the surface.
The adsorbed gas forming a monolayer on internal surface area of shale by surface force can be estimated from the following equation (e.g., Ambrose et al., 2012) :
where V rock is the rock volume (m 3 ), ρ b is bulk rock density (ton/m 3 ); P resv : reservoir pressure (kPa); V L :
Langmuir volume (scf/ton), which can be approximated by a function of TOC content and is derived from the following relationship in this study:
where β is an unknown scale parameter, and C is a constant that relates to other contributions for the adsorbed methane in the reservoir. Both parameters can be determined from laboratory tests on rock examples, and Yu et al. (2015) provides a good example of obtaining such a relationship. It is noteworthy that the sorption capacity is the maximum gas that can be adsorbed, but not the quantity that the shale has actually adsorbed. As shale gas reservoirs are self-sourced systems, thermogenic gas is available to the shales in the gas generation window. Gasparik et al, (2012) reported that there is no correlation between sorption capacity and TOC for their black shale samples in the Netherland. In this case, one may take β=0
and an overall average of methane sorption capacity for C in Equation (7), or seek an alternative quantitative expression for quantifying methane sorption capacity.
Ambrose et al. (2012) indicated that adding the adsorbed gas from Eq. (6) directly could over-estimate the total gas in shale reservoir due to double counting as this part of pore space has already been considered in calculation of hydrocarbon pore volume. The over-estimation (in scf/ton) can be quantified by the following equation:
where P N is natural gas apparent molecular weight (16 lb/lb-mole), ρ s is gas density in adsorbed-phase 
Hydrocarbon volumetric calculation
To capture the spatial variability of the resource potential in the target reservoir, the study area is divided into N equal sized cells with location index of n. The total hydrocarbon pore volume, + QR , in the reservoir can be estimated from the volumetric equation:
where A(n) is the cell size (m 2 ), T(n) is the net reservoir thickness (m), Ø HC (n) is hydrocarbon saturated reservoir porosity (in fraction).
The following equations are used to convert the in-place oil and gas pore volumes in reservoir condition to in-place oil and gas volumes in standard surface condition.
where + F< < X is solution gas, Y Z[ is oil formation volume factor, Bg is gas formation volume factor and G OR is gas to oil ratio.
Methods for conventional reservoir evaluation using well logs are applicable to the rock matrix porosity and hydrocarbon saturation calculations in unconventional systems. However, the discrimination of
organic porosity from effective porosity values based on well logs is still an area of active research. In this study, we assume that the well log porosity gives the total effective porosity, including the organic porosity as organic pores affect the density and sonic readings. More details of the reservoir parameter estimations are discussed in .
Application to Utica Shale, Quebec

Geological Setting
In southern Quebec, a Cambrian -Upper Ordovician sedimentary rock succession is preserved in the St.
Lawrence Platform (SLP) ( Figure 5 ). At the base of the succession, the Middle Cambrian to lowermost Ordovician clastics of Potsdam Group unconformably overlies the Precambrian basement or is in faulted contact with the latter (Lowe and Arnott, 2016) . Along the cratonic margin, the Lower Ordovician carbonate platform succession represented by intertidal to shallow subtidal limestones and dolostones of the Beekmantown Group was covered by a Middle to Upper Ordovician succession of initially slow to ultimately rapid deepening-upward foreland succession of limestone to argillaceous limestone (Chazy, Black River and Trenton groups) to black organic-rich mudstone (Utica Shale) and capped by shallowingupward flysch and post-orogenic molasse (Lorraine and Queenston groups) (Lavoie, 2008) . Based on detailed organic matter reflectance data, a minimum of 3 to 4 km of post-Queenston burial occurred (Bertrand, 1991) ( Figure 6 ).
The Utica Shale consists of carbonate-rich mudstones and no sandy layers (Lavoie et al., 2008; Thériault, 2012a) . The source of carbonate mud and its upsection abundance have been interpreted to be related to transgressive -regressive cycles with highstand shedding of mud from the platform which was backstepping onto the Precambrian craton at that time (Lavoie, 2008 fractures, initial production values were highly variable; the best IP value for a horizontal well was 11 mmscf/d of natural gas .
Data interpretation and models for resource assessment
Three types of data were compiled by Chen et al. (2014) and are used in this assessment: a) geological map and compiled data tables from the Ministère des Ressources Naturelles du Québec (Thériault, 2012a) that provide information on the spatial extent of the Utica Shale, its burial adsorption on the mineral matrix can affect S1, S2 and Tmax values, an effect most significant for argillaceous rocks (Peters, 1986 ). In addition, Tmax values may not be reliable when S2 values are less than 0.2 mg HC/g rock, although this criterion likely varies depending on the type of organic matter and rock matrix. eastern Canada) (Macauley and Snowdon, 1984; Obermajer et al., 1999; as an analogue for the Utica Shale. Available thermally mature and early mature shale core samples from exploration wells cutting through the Collingwood Member in the foreland basin were analyzed and the data points are superimposed on the same plot to compare with the data from the Utica Shale. The two datasets (Utica and Collingwood in the Appalachian foreland basin) are complementary in thermal maturation coverage, with the Collingwood Member samples covering the marginally and moderately mature fields and the Utica Shale samples overlap the mature and over mature domains. The generation kinetics for the Utica evaluation were studied by analyzing the thermal decomposition behaviour as revealed by the decreasing trend of remaining hydrocarbon generation potential (indexed by HI) with increasing thermal maturity (indexed by Tmax) using the data-driven method by . Based on the two shale data sets, an empirical model of the hydrogen index as a function of T max is constructed (broken black line in Figure 9a ). The data clouds around this empirical model represent the uncertainty in the data set, likely related to possible variations either in organic facies, mixing of indigenous and migrated organic matters or other factors (for example, Snowdon, 1995) . A transformation ratio model is then built from the Espitalié et al. (1987) method using the established Tmax-HI model (Figure 9a ). Figure 9b presents the estimated transformation ratio as a function of Tmax based on the empirical model in Figure 9a showing the onset of hydrocarbon generation at Tmax around 435°C with the end of hydrocarbon generation at T max at around 480 o C.
There are a number of methods that can be used to estimate the bulk oil and gas volumes. Zhao et al. The calculation of hydrocarbon volume is based on individual exploration wells with adequate well log data ( Figure 4 ). Well logs were used for calculation of matrix porosity and water saturation. All log models were calibrated by laboratory measurements prior to their use in the volumetric parameter evaluation. Oil, free gas, associated gas and adsorbed gas were assessed at each well and spatial geostatistical models (semivariogram models) derived from data were used to infer the spatial variation of the resources and to capture the uncertainty where data were extrapolated spatially. The uncertainties in spatial extrapolation and interpolation for each component (oil, free gas, associated gas and adsorbed gas) are expressed as variance maps. Monte Carlo methods were employed to aggregate hydrocarbon resources of each cell in the study area to form probabilistic distributions. The ranges of probabilistic distributions of oil and gas resources represent the uncertainties in the assessment.
Data analysis indicates that laboratory TOC measurements have a low vertical resolution and variability
representation. A revised Passey model ) was used to estimate TOC content at each log data points. Well logs were first calibrated by available TOC measurements from Rock-Eval analysis and used to establish the revised Passey model, from which TOC content was estimated at any given depth within the Utica Shale interval at all data well locations.
Prior to determining the intitial TOC, the expulstion efficiency factor ( f ) has to be assessed . Well log TOC evaluation method provides only TOC estimates, other parameters such as Rock Eval S1 and S2 values are not available for calculation of the expulsion efficiency factor. Therefore, hydrogen index ( Figure 9a ) and bitumen index equivalent (Figure 9c ) models are used to estimate the expulsion efficiency factor. Figure 9d The total hydrocarbon saturated porosity in Eq. (8) is the sum of hydrocarbon saturated matrix porosity and organic porosity, and the hydrocarbon pore volume is the sum of hydrocarbon saturated pore volumes in the identified potential pay zones within the Utica Shale at each well location. Figure 10a is a kriged map of the hydrocarbon pore volume of the Utica Shale showing the spatial variation of the estimated hydrocarbon pore volume across the basin. Geostatistical data analysis suggests a better continuity of hydrocarbon pore volume in the NE-SW direction. The estimated hydrocarbon pore volume was then separated into oil and gas pore volumes based on the empirical kinetic model of the source rock in the Utica Shale, and subsequently converted to oil and gas volumes respectively at standard surface conditions.
Assessment Results
The assessment resulted in four different in-place resources: oil, free-gas, dissolved gas and adsorbed gas.
Three gas components are aggregated into total gas (Figures 10b to d) . In the absence of significant production data, no attempt is made to estimate the technically recoverable portion of the in-place resources.
The estimated in-place oil resource is graphically shown as a statistical distribution in Figure 11 and numerically in Table 1 , both presenting the range of uncertainty in the assessment. The estimated oil resource potential varies from 0.69 to 3.72 billion of barrels (Bbls) with a mean of 1.80 Bbls. This study also provides a resource density map (Figure 10b ) to identify geographical locations of possible oil "sweet-spots" in the Utica Shale. The oil resource in the Utica Shale occurs primarily in the northwestern margin of the basin, where the source rock is still in the oil or condensate generation window ( Figure   10b ). This indicates that the burial depth and thermal maturity are the major control factors for oil resource in the Utica Shale in the St. Lawrence Platform. Figure 12 displays the probability distribution of the estimated in-place natural gas resources showing the relative contributions from the free, adsorbed and dissolved gas. The estimated in-place resources for the three different types of gas are listed in Table 2 . The free gas estimates vary from 47.44 to 163.34 TCF with a mean of 91.91 TCF (Figures 12a-b) . The estimated adsorbed gas also shows considerable uncertainty ranging from 24.69 to 61.23 with a mean value of 40.52 TCF (Figures 12c-d and Table 2 ), about 1/4 of the total gas resource, which is considerably lower than other basins. For example in the M A N U S C R I P T
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Barnett Shale, adsorbed gas is over half the total gas (Romero-Sarmiento et al., 2013) . This is because the adsorbed gas is primarily controlled by the present day TOC content as indicated by Eq. (7) and the average TOC is only 0.9% in the Utica Shale in Quebec. The contribution from the solution gas is even smaller and the estimates vary from 19.98 to 51.05 TCF with a mean of 31.25 TCF (Figures 12e and f) .
The best estimate of the aggregated total natural gas resource (free, dissolved and adsorbed gases) in the Utica Shale in the St. Lawrence Platform is 164.07 TCF with a large uncertainty ranging from 101.50 TCF to 258.32 TCF (Figure 12g and h) . Figure 13 shows the relative contributions of three gases and their uncertainty ranges as a composite probabilistic distribution plot.
The spatial variation of the solution gas is similar to that of the oil in place, while the adsorbed resource depends on the volume of organic matter in the formation (Eqs. 5 and 6). The spatial variation of the resource density of adsorbed gas is controlled by both the richness of TOC and the thickness of Utica Shale. The resource density is highest where TOC and formation thickness are high and thick in the southwest of the study area (Figure 10c ). Figure 10d shows the geographic distribution of the aggregated total in-place natural gas resources. It appears that the largest accumulation occurs in the central and southern parts of the region in the condensate and dry gas zones as indicated by the thermal maturity ( Figure 7) . Similar to the hydrocarbon pore volume, the in-place sweet spots of high resource density area follow a northeast-southwest trend, which is parallel to the major trend of the foreland basin and to the orientation of present day maximum horizontal stress.
To compare the well log interpretation and the predicted spatial distribution of the resources, public domain well production test data (gas or oil) from the industry were collected from various sources.
Twenty two oil and gas exploration wells in the period from 1970 to 2007 have been tested for oil and gas, among which seventeen wells show significant gas and oil flows. Since 2007, twenty-eight horizontal and vertical wells were drilled for the Utica Shale play, some of which were treated with hydraulic fracture stimulations. Although limited test and production results have been released for the horizontal wells (Marcil et al., 2012) , successful gas and oil flows populate the areas or the trends with high estimated resource abundance (high hydrocarbon pore volume) indicated by this study, and this includes the best performing well (Talisman St. Edouard #1) with an initial natural gas production of 11 mmcf/d and a stabilized rate of close to 6 mmcf/d after 30 days. The geographical coicidence of two completely independent datasets suggest that the spatial variation of the resource abundance indicated by the hydrocarbon pore volume in this study likely reflects the general trend of resource potential in the Utica Shale (Figure 10d The resource density maps and probabilistic distributions are constructed based on the kriged mean and variance maps of hydrocarbon pore volume, source rock kinetic properties and reservoir PVT (pressure, gas volume and temperature relationship) models, although, little is known about reservoir PVT. It is expected that there is a large uncertainty in the conversion from hydrocarbon pore volume to the standard surface volume that may not be captured in the resource volumetric calculations. As high thermal maturity makes the inference of the original status of the organic matter difficult, the initial source rock potential constitutes another major uncertainty. Because the majority of the Rock-Eval data from the Utica Shale are in the high and over-mature level, the kinetic model relies partly on the analogue immature to early mature samples from the coeval and facies-equivalent Upper Ordovician Collingwood Member in nearby southeastern Ontario (Macauley and Snowdon, 1984; Obermajer et al., 1999; Armstrong and Carter, 2010) . The Utica and Collingwood shales share a similar tectono-stratigraphic setting being deposited on top of the foundering carbonate foreland ramp, although it is possible that subtle differences in depositional environment of the Collingwood Member of the Appalachian basin in southeastern Ontario from that of the Utica Shale in southern Quebec could lead to uncertainties in organic richness and kerogen kinetic behavior. These could in turn affect the predicted abundance and occurrence of oil and gas resources. However, the geographical distribution of predicted oil and gas resources from this study appear to be consistent with the maturity map (Figure 7) , which suggests that the Collingwood Member is an appropriate analogue to the Utica Shale at least in terms of kerogen kinetics.
The expected in-place resources of 164 TCF of natural gas and 1.8 billion barrels of oil presented in this paper are slightly lower than previous in-place resource estimates of 183 TCF of natural gas and 2.3 billion barrels of oil reported in Chen et al. (2014) . This is explained by the adoption of the revised method for organic porosity estimation. The study by Chen et al. (2014) used the method proposed by Modica and Lapierre (2012) , which is based entirely on kerogen kinetics without considering mass balance due to hydrocarbon expulsion. We recognized that ignoring mass balance in the calculation may lead to a slightly overestimated organic porosity. The new approach with two mass balance corrections results in lower initial TOC and organic porosity and thus slightly lower resource estimates.
Discussion
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Current available resource assessment methods in the public domain are either designed for evaluating resource potential in conventional reservoir without discriminating matrix porosity from organic porosity (e.g., Ambrose et al., 2012) , or consider organic porosity only (e.g., Modica and Lapierre, 2012) .
Complex tight-shale reservoir systems with hydrocarbons filling both matrix and organic porosity cannot be satisfactorily evaluated with either approach alone. The new method is designed for assessing the unconventional resource potential in tight-shale reservoir systems with lithological characteristics in a transition between tight sandstone/siltstone to organic rich mudstone/shale (Passey et al., 2010; Williams, 2013) . In such a reservoir system, laminations or alternations in lithology and texture are common features, and both the matrix porosity and organic porosity provide effective storage (Ambrose et al., 2012; Modica and Lapierre, 2012) . The matrix porosity may provide the principal storage for expelled petroleum, whereas additional petroleum remains within organic pores in the source rocks. The proposed method is a reservoir volumetric approach with a dual-porosity model that quantifies different reservoir storages for oil and gas and is suitable for resource assessment in a tight-shale resource play.
The dual-porosity model takes into account three different storage mechanisms in a tight-shale reservoir system: a) matrix pores (including natural fractures) with free hydrocarbon, and free and bound water; b) organic pores (cracks in organic matter due to the loss of mass during hydrocarbon generation are also included) with free hydrocarbons; and c) organic pores with adsorbed hydrocarbons. The free hydrocarbon volume in the two different pore systems can be estimated from geochemical data and geophysical well logs separately. This new method is flexible and can assess hydrocarbon resources in the two end member reservoirs. When the reservoir is completely tight, where organic pores becomes irrelevant, the proposed method becomes a traditional reservoir volumetric approach and uses petrophysical data to estimate the reservoir volumetric parameters; whereas for a pure shale reservoir, where the organic pores dominate, the proposed method can approximate the hydrocarbon resource potential by estimating the organic pore volume, like the example shown for the Mowry Shale in the Powder River Basin of Wyoming by Modica and Lapierre (2012) ..
The matrix and organic pore systems have major differences in physical and chemical characteristics, such as water/oil wettability, pore size distribution, natural gas adsorption capacity, gas transport characteristics and fluid thermodynamics (Passey, et al., 2012; Loucks, et al. 2009; Chalmers,et al., 2012; Ambrose et al. 2010; Akkutlu and Fathi, 2012) . Identifying the storage type and quantifying the amount The dual-porosity model for resource assessment relies on an existing method for estimating organic porosity (Modica and Lapierre, 2012; . Characterizing organic hosted pororosity is an emerging area that requires better understanding of the origin and evolution of the organic matter.
Formation of organic pores in source rocks involves many factors, various intermediate products and
interactions that complicate the processes (Loucks, 2009; Bernard, et al., 2012) . There are uncertainties or questions and even disputes on how much of the intermediate products, such as pyrobitumen, affect the pore size and initial organic porosity, and if the organic pores in a kerogen network can survive continued mechanical compaction at a depth range for commercial hydrocarbon production (Reed, et al., 2014; Bernard and Horsfield, 2014; Fishman, et al., 2012) . Improvement of the organic porosity prediction requires quantification of the changes in the pore space within the network of organic matter as a function of thermal maturity, type of kerogen, mineral and formation water composition and burial depth. These remain as open questions and require future study.
Resource assessment helps to infer the unknown quantity and characteristics of hydrocarbons residing in subsurface using our knowledge and analogues obtained from where large amount of data are available and the hosting sedimentary rocks have been studied thoroughly. Resulting estimates are inherently imprecise due to uncertainties in our geological knowledge and inadequacy in data for inferring the resources. Attempts have been made to estimate and manage the uncertainty by using geostatistic tools for quantifying the uncertainty where spatial extrapolation was made and by using Monte Carlo simulation in calculation and aggregation of the resources to measure the propagation of uncertainty. The ultimate uncertainties of the resource estimates are represented by probability distributions for each resource categories and the total potential. The resulting distributions of the resource estimates suggest large range of uncertainty. Finding the major contributors for the uncertainty and reducing uncertainty remains a subject for future study.
Conclusions
We proposed a dual-porosity model to handle the complexity of mixed pore systems in assessing Cumulative prob.
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